Land use regression (LUR) modeling is a promising method for assessing the spatial variation of air pollutant concentrations. We developed an LUR model for air pollutants (SO 2 , NO 2 , and PM 10 ) in the central cities of Liaoning Province using monitoring data collected during 2013. We evaluated whether the addition of annual satellite aerosol optical depth (AOD) observations and fi ve canyon indicators (building height, building coverage ratio, fl oor area ratio, building shape coeffi cient, and high-rise building ratio) improved the LUR models. Out-of-sample "10-fold" cross validation was used to quantify the accuracy of the model predictions. Our results showed that the gross domestic product (GDP) and the distance to the nearest industrial emissions were the common variables for the models. Annual AOD demonstrated weak correlations with air pollutant concentrations because of its instantaneity, low resolution, and limited precision; however, it was useful for improving the coeffi cient of determination (R 2 ) of the LUR models. The full models incorporating the annual AOD data and canyon indicators showed further improvement. The improvements of R 2 were 0.22, 0.19, and 0.39 for SO 2 , NO 2 , and PM 10 , respectively, demonstrating that the consideration of canyon indicators could still be valuable and could be used in LUR models.
Introduction
Land use regression (LUR) modeling is an important approach that has been applied successfully in many studies to predict long-term average pollutant concentrations at the intra-urban scale. The LUR model combines the monitoring of air pollution within a certain spatial scale and the development of stochastic models using GIScollected predictor variables, while interpolation methods (e.g., kriging and inverse distance weighting) are used to provide predictions of the spatial distribution of pollutants [1] . The most common predictor variables in previous studies that are of interest to various traffi c descriptions (e.g., intensity, congestion, road length, and distance) are population density, housing, land use, physical geography (e.g., elevation and distance to the sea), and meteorological data [2] [3] [4] . Further developments of LUR modeling have included greater focus on transferable models and predictor variables such as wind speed, wind direction, and emission data; further development of models were considered [5, 6] .
Because of their extensive spatial coverage and ease of access, satellite aerosol optical depth (AOD) observations have been widely used to estimate the high-resolution distribution of ground-level PM, NO 2 , or SO 2 . Most previous research has focused on establishing relationships between monitoring values of hourly, daily, or monthly AOD and air pollutant concentrations to estimate surface air pollution concentrations using satellite-derived AOD data in urban areas [7] [8] [9] . However, the relationship between AOD and air pollutant concentrations is generally complex because of the dependence on meteorological conditions, aerosol vertical distribution, aerosol types, microphysical and chemical properties, and land use [10, 11] . Satellite-derived AOD is a measure of the light attenuation within the atmospheric column, which is affected by physiographic condition (e.g., humidity, vertical profi le, and chemical composition), while air pollutant concentration is a measure of the dry particle mass near the surface; therefore, it should not be expected that these two parameters would be strongly correlated [12] . Furthermore, although satellites can extend the spatial coverage of observations, their spatial resolution is inadequate [13] .
Street canyons in urban centers always have poor air quality. In the environments that surround buildings, air pollution is affected by a variety of factors, including local winds, traffi c patterns, the built environment, and land use [14, 15] . In fact, the built environment characteristic refl ects the effect of the street canyon on the dispersion of air pollution [16] . The existence of buildings in the street canyon might impede the fl ow of air, making air pollutants diffi cult to spread, and enhancing the turbulence characteristics within urban areas [17] . Several LUR studies have proved that the consideration of canyon indicators could improve predictions of air pollutant concentrations [18, 19] . In earlier 2D models of street canyons, the street aspect ratio (street height/street width; H/W) and the "skyview factor" are generally the most common parameters incorporated; however, they cannot describe building geometries comprehensively [18, 20] . Here we describe an approach using interpretation of remote-sensing image to estimate building length, width, and height for all locations within a region of interest.
In this study, we calculated the indicators of the "urban canyon effect" using 3D building data and incorporated satellite-derived AOD observations to evaluate whether these canyon indicators improved the applicability of the LUR models. The development of method allows the incorporation of canyon indicators in LUR models of air pollution, and it can be used as a scientifi c basis for proposals of measures to control urban air pollution.
Material and Methods

Study Area
Liaoning Province is located in northeastern China (Fig. 1) . Its northern and central parts are plains through which the Liaohe River fl ows. With the Bohai Sea and the Yellow Sea in the south, the eastern and western parts of the province are dominated by low hills and the southern part is dominated by Liaodong Peninsula. Under the control of a continental monsoonal climate within a warm temperate zone, the area has four distinct seasons and it receives considerable sunshine. The annual average temperature is between 6 and 11ºC, decreasing inland from the coastal areas. The lowest temperatures, which occur in January (the coldest month), can reach -30ºC, while the high temperatures can reach 35ºC in July (the hottest month). The average annual rainfall is 500-1000 mm, decreasing from the east to the west. Precipitation occurs mainly in summer, accounting for 60-75% of the total [21] .
The central cities in Liaoning Province comprise seven major industrial conurbations (Shenyang, Anshan, Fushun, Benxi, Yingkou, Liaoyang, and Tieling). The regional area and the population of the central cities account for 44% and 51% of the entire province, respectively, and their GDP and local fi scal revenue account for 63% and 54% of the entire province, respectively. Thus, this region is the largest and most economically developed core area in Liaoning Province and the entire northeast region of China. As the traditional base of heavy industry in China, the major activities within the province include metallurgical, mechanical, petrochemical, and construction industries. Unprecedented rapid urbanization is occurring in the central cities of Liaoning Province, causing their geographic expansion, an increase in the height of internal buildings, and increasingly serious environmental atmospheric pollution.
Air Pollution Data
In Liaoning Province, critical air pollutants such as PM 2.5 , PM 10 [22] . Terra passes over the equator at about 10:30 local time (LT) and Aqua overfl ies the equator at about 13:30 LT in the opposite direction, providing almost daily global AOD coverage [9] . The dimensionless AOD is retrieved based on sunlight attenuation by the aerosols within the vertical atmospheric column from the ground to the atmosphere's top. MODIS AOD dataset are retrieved using spectral radiance in the visible-near-infrared (0.47-2.1 μm) wavelengths at 3-km resolution at nadir [22] . In this study, the 2013 annual AOD dataset was calculated using the mean 0.55-μm AOD from the MOD04 aerosol daily products. These AOD products were extracted from the MOD04 scientifi c "Corrected_Optical_Depth_Land" dataset, averaged over an area of 3 × 3 km. The application of MODIS AOD with linear approximations in the SO 2 , NO 2 , and PM 10 estimations is discussed in sections 3.2 and 4.1.
Land Use
Canyon Indicator Variables
This paper proposes a novel methodology for the detection of the 3D information of buildings from highresolution (0.61 m) QuickBird imagery [23, 24] . The framework of the proposed approach has two main steps.
(1) Based on an object-oriented method, the building's shape is established using the technology of regional identity and feature measurement. (2) The building's height is estimated based on its shadow. First, the length of the building's shadow is measured and then the building's height information is calculated based on the relative geometric positions of the sun, satellite, building, and shadow. Fig. 2 presents illustrative schematics of two cases.
As shown in Fig. 2(a) , when the sun and satellite are on the same side of the building, the building's height can be estimated using Eqs. were established based on the aspects of height, density, shape, and volume of the buildings. We tested whether these canyon indicators improved pollutants' modeled level using LUR modelling.
Elevation
Digital elevation data were obtained through the SRTM 90-m Digital Elevation Database (http://srtm. csi.cgiar.org/). This database is produced by NASA and covers all the countries of the world.
Normalized Difference Vegetative Index (NDVI)
A satellite-derived NDVI, based on red and nearinfrared (NIR) refl ectances, is a temporal indicator of vegetation cover and its phenological state [25, 26] . Apart from spring's green-up periods and fall's senescence, the NDVI can generally be considered relatively constant on a monthly basis. Many other studies have found that regional NDVI is an effective index for the local means of air pollutant concentrations [27, 28] . In this study, 1-km MODIS monthly vegetation indexes products (MOD13A3) from 2013 that were obtained from the LAADS website (http://ladsweb.nascom.nasa.gov). (5) Distance to Air Pollutant Point Source Emissions
In Liaoning Province, 166 principal point source emissions of air pollutants were obtained through the 2013 National Monitored Enterprise List (http://www.ipe.org. cn/pollution/sources.aspx), which includes large sources that emit >1500, >3000, and >800 tons of SO 2 , NO X , and dust, respectively, per year. The distances (m) from the air pollution monitoring sites to the nearest point source emissions were calculated using ArcGIS software.
Road Density Data
Road data were obtained from the Thematic Database for Human-Earth System (http://www.data.ac.cn/). We calculated the lengths of the total, primary, secondary, and connecting roads, and the road density of each buffer was calculated using ArcGIS software.
Population Density and GDP Density Data
Both the population density and the GDP density data were obtained from the Thematic Database for Human-Earth System (http://www.data.ac.cn). These data were available at 1000-m resolution based on the 2010 Census and county government statistics provided by the National Bureau of Statistics of the People's Republic of China.
Modeling Approach
In this study, 10 buffers were generated from 200 to 2000 m around 34 monitoring sites (Table 3 ). This method was intended to capture both the more distant and proximal sources of variability in the air pollutant concentrations. Some predictor variables were calculated within each buffer (e.g., road lengths and canyon indicators) using either the sums or averages of the variables in each buffer. Other predictor variables were calculated at each monitoring site (e.g., GDP, population, percentage tree cover, elevation, distance to the nearest industrial emissions, and AOD value). Finally, we generated 86 potentially predictive variables in eight classes and 14 subclasses. The eight classes were population, economy, traffi c variables, distance variables, vegetation cover, geographic location, satellite data, and canyon indicators.
It is important to choose the predictor variables for determining the LUR model. The detailed implementation processes of` forward selection procedure by Su et al. [29] was followed in this study. An independent variable can be added to the LUR model when the matching conditions are satisfi ed: 1) its signifi cance level is below 0.05; and 2) the variance infl ation factors (VIFs) of all the predictor variables within the LUR model fall below 10 to avoid collinearity. We repeat 10-fold cross-validation (CV) three times to select all variables that met the above two conditions, keeping the variables that with the smallest cross-validated root mean square error [30] .
We fi rst built basic LU-only models based on 34 sites without the annual AOD data and canyon indicators. We then added annual AOD data and canyon indicators separately to these basic LU-only models to evaluate the additional predictive of the fi ve canyon indicators' value. The models examined were: 1) LU-only model (basic form); 2) LU+AOD model (development form with additional AOD predictor variable); and 3) LU+AOD+3D model (development form with additional AOD and canyon indicators predictor variables).
Model Validation
The VIF is the reciprocal of tolerance, and both are primary measures of the degree of the i-th independent variable's multi-collinearity with the other independent variables in a LUR model. The larger the VIF value, the more serious the multi-collinearity. The empirical method shows that when 0 < VIF < 10, there is no multi-collinearity [31] . If the VIF of any predictor was >10, that model was considered unacceptable, the predictor was removed from the eligible pool, and the process was restarted from the beginning of the step.
is the tolerance and denotes the proportion of variance in the i-th predictor, which is correlated with the other predictors in the regression equation [32] .
To analyze the sensitivity of the developed models we used a 10-fold CV approach to evaluate the capability of the model to predict concentrations of air pollutants for each of the monitoring sites within the study area. In the 10-fold CV, the dataset was repeatedly divided randomly into 90% (calibration) and 10% (held-out test) splits. We applied the fi tted calibration model to estimate the concentrations of air pollutants for the held-out test set. This "out-of-sample" process was repeated 10 times to calculate the CV coeffi cient of determination (R 2 ) values and the root mean square error (RMSE) values.
Results
Air Pollution Data
The annual mean concentrations (standard deviation) of SO 2 , NO 2 , and PM 10 across the stations were 56.86 (29.73), 38.13 (9.78), and 97.83 (30.2) μg/m 3 , respectively (Fig. 4) . The correlations between SO 2 and NO 2 , SO 2 and PM 10 , and NO 2 and PM 10 were 0.510 (P < 0.01), 0.658 (P < 0.01), and 0.587 (P < 0.01) in all cases, respectively (Table 4) . Two outliers of SO 2 were found in the business district and industrial area of Shenyang, which is the most polluted city in Liaoning Province. Here we reserved the two outliers. Shapiro-Wilk test indicated that dependent variable (SO 2 , NO 2 , and PM 10 ) was normal distribution, signifi cance level > 0.05 (Table 2) ; therefore, the data meet the requirements of the multiple linear regression model. (Table 4) , which implies that the AOD is valuable and that it could be used for improving the spatial R 2 of the LUR models.
Characteristics of Canyon Indicators
Statistical descriptions of the fi ve canyon indicators were calculated for all 34 monitoring sites and they showed clear differences between the minima and maxima (Table  5) , which implies that canyon type varied considerably. Deeper canyons had signifi cantly higher mean building height (BH), fl oor area ratio (FAR), building shape coeffi cient (BSC), building coverage ratio (BCR), and high-rise building ratio (HBR) than low-to-moderate canyons. The correlations between the fi ve different indicators had their own distinction. The correlation between BCR and FAR had high correlation coeffi cients. In contrast, BH and BSC had low correlation coeffi cients (Table 6 ).
Predictions of Concentrations of Air Pollutants
Based on a Mixed-Effects Model 10 : the LU only model, LU+AOD model, and LU+AOD+3D model. Of the 36 LU variables generated, 3-4 were signifi cantly predictive in each LUonly model. Among them, GDP and distance to the nearest industrial emissions (DISTIE) were the common variables for the models. As for the adjusted R 2 values for the entire year, LU-only models were 0.52 for SO 2 , 0.42 for NO 2 , and 0.34 for PM 10 . As can be seen, adding the AOD term to the LU-only model partly improved the R 2 value, and the full model, incorporating both AOD and 3D, improved it further. The improvements of R 2 were 0.19, 0.22, and 0.39 for SO 2 , NO 2 , and PM 10 , respectively. 
Model Stability
A fi nal 10-fold CV was run for each of the fi nal models. The results of the CV R 2 and RMSE ( Table 5 . Distribution of derived canyon indicators (n = 34). (Table 7) , which indicated there was no autocorrelation in the residuals and proved the models were reliable.
Discussion
We built three LUR models for SO 2 , NO 2 , and PM 10 for the central cities of Liaoning Province using data from 34 urban monitoring sites. The intention was to evaluate whether the inclusion of annual AOD data and urban street canyon indicators could improve the spatially resolved LUR models. We have shown that annual AOD data has a weak correlation with air pollutant concentrations because of its instantaneity, low resolution, and limited precision; however, it is still valuable and it can be used to improve the R 2 of the LUR models. The use of canyon indicators provided better predictive power than the incorporation of AOD data.
Relationship of AOD and Air Pollution Concentrations
There is positive correlation between AOD and air pollutant concentrations, although this relationship is weak. The main reason for this, apart from random and systematic errors associated with satellite AOD retrievals, is that the AOD values are instantaneous (i.e., obtained at about 10:30 LT); satellite data have limited resolution, while the concentrations of air pollutants are average daily data. Second, the AOD is easily affected by meteorological and synoptic conditions [9, 33] . Because these factors vary spatiotemporally, it is likely that the AOD-SO 2 /NO 2 / PM 10 relationships also vary spatiotemporally for different regions and seasons. In this study, we ignored the possible effects of these infl uencing factors on the AOD-SO 2 /NO 2 / PM 10 relationships.
Land Use Regression Models
LUR has been demonstrated as an appropriate technique for the modeling of air pollution in which the regressors often show a strong explanatory capability to the phenomena being modeled. Our basic LU-only models explained 40-57% of the spatial contrast without the inclusion of AOD and canyon indicators. The LU+AOD models were less accurate because the relatively coarse 3 × 3 km grid cell used for the AOD cannot always capture the concentration gradients near line or point sources. However, we found that the inclusion of the canyon indicators added signifi cantly to the accuracy of the models. The effects were consistent for all air pollutant concentrations and in the expected direction.
It is important to note that our LUR models are associated with relatively small R 2 values (<0.8). Indeed, this is expected because our focus was only on the AOD and the canyon characteristics, and their effects on the concentrations of air pollutants. However, the determination of concentrations of air pollutants near roads includes other urban/regional effects, such as the presence of airports, distance to shorelines, land use characteristics, the presence of industrial sources, and restaurant emissions. Therefore, our model is not intended to be used for predictive purposes, but to demonstrate a method for capturing urban canyon determinants on air pollutant concentrations and to investigate the effects of a number of street-level characteristics that have not traditionally been used in LUR models.
Canyon indicators have been used recently to represent the effects of urban air pollution. The improvement of the model has obvious differences in different cases. Brauer et al. [34] indicate that the addition of canyon indicators derived from direct fi eld observations to basic LUR-only models for PM 2.5 in Munich and Stockholm has made increases in R 2 of 4% and 6%, respectively. In our study, increases in R 2 of 19% and 39% (Table 7) indicate highto-deep canyons in the central cities of Liaoning Province. Because of the differences between locations, the effi cacy of canyon indicators differs substantially in different studies. However, we believe that urban morphology parameters are capable of not only explaining spatial distributions of urban air concentrations, but also play an important role in the selection of the predictor variable.
Many studies of street canyons and urban microscale pay attention to predominant meteorological situations, street textures, and the placement of air pollution monitoring devices because the interaction between the meteorology and the built environment causes variations -even within the same microenvironment, while these factors generally affect pollutant concentrations on a large scale. Weather conditions (e.g. wind speed, wind direction, and air temperature) in the surroundings could be changed by a building's shape. In this study, we have demonstrated the long-term effect of a building's shape on air pollutants without considering the short-term effect. We will consider how buildings affect air pollutant dispersion in a future work .
Limitations
The biggest limitation of this study is the small number of regulatory monitoring sites available for inclusion in the models. Unfortunately, the cost of a dedicated measurement campaign was too high, and therefore we used the 34 urban monitoring sites without consideration of the different effects between different canyon types, such as deep canyons and low-rise canyons.
Furthermore, the current approach relies on empirical parametrizations derived from high-resolution urban models, because the traditional method of surveying the area of interest to obtain the details of all the relevant buildings is expensive and time-consuming, and because remote sensing image are not always affordable.
Conclusions
Digital 3D building data are getting more and more available and they could be used to incorporate air pollution that is trapped by buildings to improve the accuracy of LUR air pollution models. This study has shown that incorporating canyon variables improves the performance of LUR models for the central cities in Liaoning Province, although the effect of incorporating annual AOD data is not that remarkable. The LUR model was found able to provide exposure assessments, and cohort studies on air pollution in Chinese cities are planned for the near future, although using our results for studies targeted at urban populations must be done with caution.
